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Hydrological frequency analysis estimation is usually performed as a univariate analysis of flood 
or rainfall peaks. However, recent studies prove that in order for the return period of the 
hydrological events to be calculated accurately, the correlation pattern among hydrological 
attributes, such as rainfall intensity, depth and duration, or discharge, volume and duration 
needs to be taken into consideration. The primary goal of this study is to compare univariate 
and joint bivariate return periods in different hydrological events in Cyprus region. Applications 
are based on discharge and precipitation datasets of different gauging stations, for the years 
1969-1999 and 1920-2010 respectively. The pairs of peak discharge with flood volumes and 
rainfall depth with duration are compared, and the consistency of their relationship is quantified 
by Kendall’s correlation coefficient. Copulas from Archimedean, Elliptical and Extreme Value 
families are used and evaluated according to the corrected Akaike Information Criterion. The 
selected copula functions and the corresponding joint return periods are calculated and the 
results are compared with the single variate estimations for each case. For further analysis, the 
uncertainty of the assessed joint return period in case of small data samples is evaluated by 
dividing the precipitation time series into 3 sub-datasets, forming 30 - year length samples. The 
values obtained from the analysis of the full and separated datasets are then compared. Results 
indicate the importance of the bivariate analysis in return period estimation as well as the 
inability of the method to to validate the statistical inference and provide reasonable conclusions 
in case of small datasets (n<30).  
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L'estimation de l'analyse de fréquence hydrologique est généralement effectuée sous la forme 
d'une analyse univariée des pointes de crue ou de pluie. Cependant, des études récentes 
prouvent que, pour que la période de retour des événements hydrologiques soit calculée 
précisément, il faut en considérer la structure de dépendance des variables hydrologiques, 
tellement l'intensité, la profondeur et la durée de la pluie, ou le débit, le volume et la durée doit 
être pris en considération. Le but principal de cette étude est de comparer les périodes de 
retour univariées et conjointes de deux variables dans différents événements hydrologiques 
dans la région de Chypre. Les applications sont basées sur des jeux de données sur les débits 
et les pluies de stations de jaugeage différentes, respectivement pour les années 1969-1999 et 
1920-2010. On compare les couples de débit avec les volumes dans l’analyse des crues et la 
profondeur avec la durée de pluie, et la cohérence de leur relation est quantifiée par le 
coefficient de corrélation de Kendall. Les copules des familles archimédiennes, elliptiques et de 
valeur extrême sont utilisées et évaluées selon le critère d'information d’ Akaike corrigé. Les 
copules choisies et les périodes de retour conjointes correspondantes sont calculées et les 
résultats sont comparés avec les estimations à une seule variable pour chaque cas. Pour une 
analyse plus approfondie, l'incertitude sur la période de retour conjointe évaluée pour les petits 
échantillons de données est évaluée en divisant les séries temporelles de pluies en trois sous-
ensembles de données, formant des échantillons de 30 ans. Les valeurs obtenues à partir de 
l'analyse des ensembles de données complets et séparés sont ensuite comparées. Les 
résultats indiquent l'importance de l'analyse bivariée dans l'estimation de la période de retour 
ainsi que l'incapacité de la méthode à valider l'inférence statistique et fournir des conclusions 
raisonnables dans le cas de petits ensembles de données (n <30). 
 
Mots clés: Copules, Dépendance, Périodes de retour, Analyse hydrologique des fréquences, 
Analyse des pluies, Analyse des crues, Chypre.  
Institutional Repository - Library & Information Centre - University of Thessaly





Η αλάιπζε πδξνινγηθώλ ζπρλνηήησλ παξαδνζηαθά εθηειείηαη σο κνλνπαξαγνληηθή αλάιπζε 
ησλ πιεκκπξώλ ή ησλ βξνρνπηώζεσλ. Ωζηόζν, πξόζθαηεο κειέηεο απνδεηθλύνπλ όηη γηα λα 
ππνινγηζηεί κε αθξίβεηα ε πεξίνδνο επαλαθνξάο ησλ πδξνινγηθώλ γεγνλόησλ πξέπεη λα ιεθζεί 
ππόςε ην κνηηβν ηεο ζπζρέηηζεο κεηαμύ ησλ πδξνινγηθώλ ραξαθηεξηζηηθώλ, όπσο ε έληαζε ησλ 
βξνρνπηώζεσλ, ην βάζνο θαη ηε δηάξθεηα, ή ε απνξξνή, ν όγθνο θαη ε δηάξθεηα. Ο πξσηαξρηθόο 
ζηόρνο απηήο ηεο κειέηεο είλαη λα ζπγθξίλεη κνλνπαξαγνληηθέο θαη θνηλέο δηκεηαβιεηέο 
πεξηόδνπο επαλαθνξάο ζε δηαθνξεηηθά πδξνινγηθά γεγνλόηα ζηελ πεξηνρή ηεο Κύπξνπ. Οη 
εθαξκνγέο βαζίδνληαη ζε δεδνκέλα απνξξνήο θαη βξσρόπησζεο δηαθνξεηηθώλ ζηαζκώλ 
κέηξεζεο, γηα ηα έηε 1969-1999 θαη 1920-2010 αληίζηνηρα. Τα δεύγε ησλ πιεκκπξηθώλ παξνρώλ 
κε ηνπο όγθνπο ησλ πιεκκπξώλ θαη ηνπ βάζνπο (ύςνπο) ησλ βξνρνπηώζεσλ κε ηε δηάξθεηα 
απηώλ ζπγθξίλνληαη, θαη ε ζπλνρή ηεο ζρέζεο ηνπο πνζνηηθνπνηείηαη κεζσ ηνπ ζπληειεζηή 
ζπζρέηηζεο ηνπ Kendall.  Οη Αξρηκήδηεο, ειιεηπηηθέο θαη Αθξαίσλ Τηκώλ νηθνγέλεηεο ζπδεύμεσλ  
ρξεζηκνπνηνύληαη θαη αμηνινγνύληαη ζύκθσλα κε ην δηνξζσκέλν Akaike Κξηηήξην Πιεξνθνξίαο. 
Οη επηιεγκέλεο ζπδεύμεηο θαη νη αληίζηνηρεο θνηλέο δηκεηαβιεηέο πεξηόδνπο επαλαθνξάο 
ππνινγίδνληαη θαη ηα απνηειέζκαηα ζπγθξίλνληαη κε απηά ηεο κνλνπαξακεηξηθήο  γηα θάζε 
πεξίπησζε. Γηα πεξαηηέξσ αλάιπζε ησλ απνηειεζκάησλ καο, ε αβεβαηόηεηα ηεο θνηλήο 
δηκεηαβιεηήο πεξηόδνπ επαλαθνξάο ζηελ πεξίπησζε κηθξνύ δείγκαηνο δεδνκέλσλ αμηνινγείηαη 
κε ηε δηαίξεζε ησλ ρξνλνζεηξώλ θαηαθξεκλήζεσλ ζε 3 ππν-ζύλνια δεδνκέλσλ, ζρεκαηίδνληαο 
έηζη δείγκαηα κήθνπο 30 ρξόλσλ. Οη ηηκέο πνπ ιακβάλνληαη από ηελ αλάιπζε ησλ πιήξσλ θαη 
δηαρσξηζκέλσλ ζπλόισλ δεδνκέλσλ ζηε ζπλέρεηα ζπγθξίλνληαη. Τα απνηειέζκαηα δείρλνπλ ηε 
ζεκαζία ηεο δηκεηαβιεηήο αλάιπζε ζηελ εθηίκεζε ηεο πεξηόδνπ επαλαθνξάο, θαζώο θαη ηελ 
αδπλακία ηεο  ζπγθεθξηκέλεο κεζόδνπ ζην λα επηθπξώζεηε ηε ζηαηηζηηθή ζπκπεξαζκαηνινγία θαη 
λα παξέρεη ινγηθά ζπκπεξάζκαηα ζηελ πεξίπησζε κηθξνύ δείγκαηνο (n<30). 
 
Λέξεις κλειδιά: Σπδεύμεηο, Εμάξηεζε, Πεξίνδνο Επαλαθνξάο, Υδξνινγηθή Αλάιπζε 
Σπρλνηήησλ, Αλάιπζε Βξσρνπηώζεσλ, Αλάιπζε Πιεκκπξώλ, Κύπξνο. 
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        ydrological  frequency analysis  is an  important  area  of hydraulic  engineering  design,  
        water resources planning and management. This involves the selection of the variables 
of interest, the sampling of a sample series and the choice of the most appropriate population 
distribution. Traditionally, rainfall and flood frequency analysis has been performed using the 
assumption that the different variables (i.e., intensity, depth, duration and discharge, volume, 
duration) [Figure 1] are independent. However, in most cases this assumption is not valid. For 
instance, different pairs of flood peaks and flood volumes may cause an equal raise in the river 
water levels and therefore the performance of univariate analysis may not be sufficient. This 
interdependency of hydrological variables urged scientists and water managers to derive a joint 
law in order to successfully describe the main characteristics of the observed hydrological 
events.  
The first bivariate frequency distributions were generated based to the hypothesis that the 
variables of interest either have the same marginal probability distribution, or that their joint 
relationship is normally distributed (or become normally distributed after a transformation) 
(Zhang, 2007). These assumptions, however, were not always valid and therefore led to 
uncertainties in the estimation of hydrological values.  
In recent years, several studies were focused in finding a method which would assess in the 
investigation of the statistical behaviour of dependent hydrological variables, without needing 
the assumptions that classical bivariate frequency distributions use. The first paper on copulas 
in hydrology was published by De Michele and Salvadori (2003), and in the next few years, 
several other studies further expanded the theory, such as Favre et al. (2004); Salvadori and De 
Michele (2004), Salvadori and De Michele (2007) and Genest and Favre (2007).  
The main concept of the copula approach is that a joint distribution function can be divided 
into two independent parts, the one describing the marginal-univariate behaviour and the other 
the dependence structure (Juri, 2002; Papaioannou, 2016). Copulas are the functions that 
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describe the dependence between random variables and as a result, are able to couple the 
marginals of these variables into their joint distribution function (Sklar, 1959). The importance of 
this approach in the field of engineering and water science is noticeable. Copula method offers 
an efficient way in finding reasonable multivariate estimates for hydrological events that have a 
certain likelihood of occurrence. These estimates are used as design variables of the hydraulic 
structures. Design variables are characterized by a return period (recurrence interval) defined 
as the average time elapsing between two successive realizations of an event whose magnitude 
exceeds a defined threshold (Gräler, 2013; Volpi, 2015; Salvadori, 2004). In practice, the 
selection of a reliable return period is crucial as it is the fundamental parameter in the design of 
hydraulic structures.  An incorrect assessment of a hydrological event‘s recurrence interval may 
lead to a non-realistic identification of the risk involved (Salvadori, 2004), and that can possibly 
be the cause of severe safety issues for the structure. 
In hydraulic constructions, the choice of return period is bind by each country‘s regulations, 
yet the implemented methodology and the selection of the reference variable for which the 
return period will be calculated is solely based on the engineer-water resources manager‘s 
opinion (Requena, 2013; Brunner et al., 2016). In general, if only one of the variables of interest 
can be considered significant in the design process then a univariate frequency analysis is 
applied, whereas in case that an important correlation is present, a multivariate return period 
needs to be performed. Moreover, in terms of methodology, other difficulties are often faced in 
the design value estimation, such as the evaluation of the existing record length and the choice 
of appropriate statistical models. In most cases, hydrological extreme data obtained in practical 
applications have relatively small size, as for example in Cyprus many stations have samples of 
just 30 consecutive years length. At the same time, the various definitions of extreme events 
given by sampling methodologies (ie. annual maximum series, partial duration series, peak of a 
threshold) can lead to different probability models. How crucial is, however, the choice between 
univariate and bivariate return periods, and how important can uncertainty factors, such as the 
record length and sampling methods, be when estimating design values? 
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The objective of the present study is to present in short the successive steps needed to 
build a copula model for various hydro(-meteorological) purposes (variables) and to 
calculate and compare the obtained univariate and joint bivariate return periods. The 
results of this work are expected to investigate the deviations among the estimated design 
values when choosing different sampling methods and dataset sizes. With the marginal 
distributions selected according to the methodology of traditional univariate analysis using one 
or two different types of extreme events peak series, a set of copula based bivariate 
distributions for peak flow–flood volume and rainfall depth–duration are determined. Univariate 
and joint bivariate return periods are then estimated for the daily datasets of stream flow and 
precipitation. After this analysis, the long (90 years) daily precipitation data set is divided into 
three equal consecutive sub-groups and again, the same method is performed and the results 
are used for demonstration of the uncertainty in the at-site estimates of small data samples. 
 
Figure 1. Flood (left) and Rainfall (right) characteristics 
 
A brief overview of the case study and datasets is presented in the ―Study area and Data‖ 
section. Then, the details of the copula theory and the description of the approach used follow, 
in ―Methodology‖ chapter. This will introduce the ―Results‖ section, in which the basic outputs of 
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this work will be presented along with a comparison of the estimated univariate and bivariate 
return periods for each case. Finally, a short discussion of the results will then be made in the 
―Conclusion‖ chapter. 
 
2 STUDY AREA AND DATA 
 
 
2.1 Study area 
 
Datasets from Yermasoyia, eastern Cyprus, and the major cities in the same region, Nicosia, 
Larnaka and Limasol, are employed in this study. Cyprus is the third largest island in the 
Mediterranean Sea, following the Italian islands of Sicily and Sardinia. It has an area of 9251 
km2 and experiences hot dry summers from mid-May to mid-September and rainy winters from 
November to mid-March separated by short autumn and spring seasons of rapid change in 
weather conditions.1 Its climate is described as subtropical - Mediterranean and Semi-arid type 
in the northeastern part of island and, according to Köppen climate classification scheme, can 
be categorized as Csa and BSh (Peel et al., 2007)   
During the last century remarkable variations and trends were observed in precipitation. 
Pashiardis (2009) published a comprehensive study of rainfall extremes presenting rainfall 
intensity – duration – frequency (IDF) distribution curves for Cyprus. According to this study, the 
curves for the period 1971-2007 are more intense and extreme than the curves developed in an 
earlier study for the period 1931-1970 (Hadjiioannou, 1995).  The average precipitation of 541 
mm in the period 1901 to 1970 dropped to 463 in the period 1971 to 2009 (Pashiardis, 2009). 
Analysis of precipitation data for Cyprus led to the conclusion that the mean annual rainfall is 
decreasing whilst the rainfall intensity of extreme events is increasing. The decrease in annual 
                                                          
1
 Department of Meteorology, Republic of Cyprus, 
http://www.moa.gov.cy/moa/ms/ms.nsf/DMLcyclimate_en/DMLcyclimate_en?OpenDocument#  
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rainfall leads to reduction in vegetation and together with urbanisation contributes in runoff 




Figure 2. Yermasoyia Basin Digital Elevation Map, Yermasoyia river, and Yermasoyia River Gauging station (yellow). 
 
Located in the southern side of mountain Troodos of Cyprus, roughly 5 km north of Limassol 
city, Yermasoyia basin feeds one of 108 reservoirs of the island. The reservoir with storage 
capacity of 13.6 million m3 was constructed downstream of the mouth of the watershed in 1969, 
for irrigation and municipal water supply purposes. The watershed area is 157 km2 and its 
elevation ranges from 70 m up to 1400 m. The length of the main stream of the basin is about 
25 km (Hrissanthou, 2006). The average basin wide annual precipitation is 640 mm, ranging 
from 450 mm at the low elevations up to 850 mm at the upper parts of the watershed. The 65% 
of the mean annual runoff is generated by rainfall during winter months. The river is usually dry 
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during summer months (Loukas et al., 2003a; Vasiliades and Loukas, 2012) and the peak flows 




In the present work, data sets of discharge and precipitation from Yermasoyia  watershed 
and meteorological stations around the study watershed have been used.   
 
Figure 3. Yermasoyia River Flow Analysis, i. all the events (left)  for the different months for the hydrological years 
1970-2000 and their hydrograph (down), iii. (right) the change points in high flow metrics (up) and iv. the baseflow 
seperation with the Lynne-Holick (LH) baseflow filter (down) 
 
The first dataset contains in total, thirty years of daily discharge data (October 1970 – 
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September 1999) from the hydrological station on the Yermasoyia River. All values are 
measured in cubic meters per second. The observed runoff data corresponds to the outlet of the 
basin, and measurements are collected prior to the dam construction, as shown in Figure 2. The 
mean annual discharge is 0.38 m3/s and the baseflow to total stream flow is 52% for the period 
of study. In Figure 3, the basic statistics concerning the flow analysis are shown along with the 
baseflow separation outputs (iv). 
 
Table 1. Characteristics of Limassol, Larnaca and Nicosia Rainfall Stations. 
 
 
The second application set is focused on precipitation analysis. Data were obtained from 
three meteorological stations located in the wider area of Cyprus [Figure 4]. In total, ninety years 
of daily rainfall data (October 1920 – September 2010) were available from the European 
Climate Assessment and Dataset Data (ECA&D)2 (Tank, 2002). The data are measured in 
centimetres per day. The quality of the dataset was evaluated and only data which were 
considered valid were taken into consideration. In case that one observation in a series of 
sequential measurements was missing, the previous value in the series was used to 
                                                          
2
 File created on 23-11-2016 
STATION COORDINATES ALTITUDE LAND USE SOIL TYPE
SURFACE 
COVERAGE
















Institutional Repository - Library & Information Centre - University of Thessaly
12/07/2018 22:02:30 EEST - 137.108.70.7
13 
 
complement the dataset. The characteristics of the rainfall gauge stations are presented in 
Table 1. As shown, Larnaca‗s Station is located in the coastal area of the city, in an altitude of 
 
 
Figure 4. The locations of the stations used (i.e. Yermasoyia Basin, Limassol, Larnaca and Nicosia Rainfall 
Stations) 
 
1m. An 85% of the days had no precipitation, and the highest daily value reached 90cm. 
Similarly, Limassol Station is also in a coastal area near the town of Limassol, in a low altitude 
of 5m. Zero value of rainfall is for a 83%, with a much smaller peak of 10.4 cm.  Finally, 
Nicosia‘s Station is located at the foothills of a mountainous region, in the center of the city, and 
has an 82% of zero precipitation and a maximum recorded daily rainfall of 13 cm. 
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The steps involved in this study for the analysis of hydrological data and modelling of the 
dependence with copula method can be categorized as: 
1. Single – variate approach for each station (marginal distributions analysis). This includes: 
Data analysis and implementation of baseflow separation, modelling extremes for the 
selected parameters via the annual maxima or/and the peaks of threshold methods and 
finally, finding the appropriate distributions for each variable of interest. 
2. Calculating return periods by univariate analysis. 
3. Dependence structure Analysis. This includes exploratory data analysis using Chi-plots 
and K-plots as well as suitable Kendall‘s independence tests in order for the dependence 
between the two variables to be evaluated. 
4. Choice of a number of copula families. 
5. Estimation of copula parameters for each copula family. 
6. Exclusion of non-admissible copulas via suitable goodness-of-fit tests and choice of the 
most appropriate copula via the (corrected) Akaike Information Criterion (AIC) (Akaike, 
H., 1973; Burnham and Anderson, 2002; Bruner, 2016) among the competing bivariate 
models. For complementary analysis graphical tests were also used. 
7. Modelling the bivariate distribution and finding the joint copula based return periods. 
8. Comparison of the different return periods coming from univariate and bivariate analysis. 
A more detailed and comprehensive analysis of the steps and theory is presented in the 
following sub-chapters. 
 
3.1 Hydrological Frequency Analysis 
The first step to start a hydrological frequency analysis, multivariate or univariate, is to 
specify the marginal distribution functions. To that end, approaches to estimate the extreme 
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values of the different variables were applied. To begin with, as we are solely interested in the 
excess (flood) volume, the separation of the baseflow from the direct runoff (excess flow) was 
implemented. More specifically, for Yermasoyia‘s flow dataset, the Lyne-Hollick (Lyne, 1979) 
digital filter was applied for baseflow separation. The Lyne-Hollick filtering method (Lyne, 1979) 
is a single parameter numerical algorithm that is able to segregate the streamflow hydrograph 
into ―high frequency‖ (direct runoff) and ―low frequency‖ (baseflow) components, and is given by 
Equation (1): 
               
   
 
                                               (1) 
where QT is the total stream flow, Qb the base flow, i the time step number and α a coefficient 
(usually has a value of 0.925). Finally, the flood volume for each event was computed by 
integrating the quickflow, starting from the time the excess flood due to the specific event 
began, until the point it became zero again, as shown in Figure 1 [i]. Note that the flood volume 
for each event is measured in cubic meters.  
Afterwards, the pair of annual maxima series (Gumbel, 1958; Jenkinson, 1955) of discharges 
Q with the annual peaks of the hydrograph volumes V was used. Timeseries of peak discharge 
and flood volumes were created, containing the yearly peak values for each variable. As an 
alternative to this approach, the peaks over threshold method (Bezak et al., 2014) was also 
utilized. The second pair dataset Q-V contained the over the threshold values of discharge with 
their corresponding hydrograph volumes. The threshold over which an event was considered 
extreme was chosen based to the suggested methodology of the POT method which employs 
the two diagrams Mean Residual Life Plot and the Threshold Range Plot for Parameters, as 
demonstrated in Anex II - Figure II 1. The two diagrams will be further analysed in Chapter 4. 
Similarly, for the second database, rainfall measurements from Larnaca, Limasol and Nicosia 
stations, the annual maxima series of rainfall depth P with their corresponding durations D were 
used.  
After the selection of extreme events, a univariate flood and rainfall frequency analysis was 
performed. Different probability models such as Generalized Extreme Values (GEV), Gumbel 
(EVI) and Generalized Pareto Distribution (GPD) for peak discharge and rainfall, and GEV, 
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Gamma, Exponential, and Log-normal for flood volumes and durations were used. The 
distribution‘s parameters were estimated with the help of maximum likelihood method, a method 
which will be as well used in copula‘s parameters estimation process (Salvadori, 2014). 
Subsequently, the Kolmogorov-Smirnov Goodness-of-Fit and graphical tests were produced to 
select the distributions that produced an adequate fit to the data and finally, AIC (Akaike, H., 
1973) values among the non-rejected copulas determined the most appropriate statistical 
model.  
Finally, the univariate return periods were calculated based on the marginals of each 
variable. Further discussion about univariate return periods will take place in Return Periods 
subchapter.  
 
3.2 Copulas & Modelling of Dependence 
In order to perform a bivariate or multivariate frequency analysis a copula model needs to be 
utilized. According to (Nelsen,1999) ―Copulas are functions that join or couple multivariate 
distribution functions to their one-dimensional marginal distribution functions‖ and can be 
defined as following:  
Let I = [0, 1]; a copula is a bivariate function C: I × I → I2 such that  
(1) (uniform marginals) for all u, v ∈ I it holds  
C(u, 0) = 0, C (u, 1) = u, C(0, v) = 0, and C(1, v) = v                                         (2) 
(2) (2-increasing) for all u1, u2, v1, v2 ∈ I such that u1 ≤ u2 and v1 ≤ v2 it holds  
C(u2, v2) − C(u2, v1) − C(u1, v2) + C(u1, v1) ≥ 0                                                      (3) 
Copulas are bivariate functions with uniform marginals. In order to have a set of random 
variables U and V which follow the standard uniform distribution U(0,1), the probability integral 
transformation needs to be applied to each of the random variables  FX(X) and FY(Y). According 
to Dodge (2003), ―the integral transform relates to the result that data values that are modelled 
as being random variables from any given continuous distribution can be converted to random 
variables having a standard uniform distribution‖. In that way U will stand for FX(X), the random 
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variable from the marginal distribution FX of the first variable of interest X and V will stand for 
FY(Y), the random variable from the marginal distribution Fy for our second variable of interest Y, 
respectively. 
As previously stated, for the copula approach to be performed the dependence between the 
two variables of interest needed to be assed. This could be done either by visualizing 
dependence or by the performance of statistical tests. The scatter plot of ranks, Chi-plot (Fisher 
and Switzer, 1985; Fisher and Switzer, 2001) and K-plot (Genest and Boies, 2003) are the most 
common graphical tools for detecting dependence. The statistical tests of dependence can be 
performed with three correlation coefficients (Pearson, Kendall and Spearman). Kendall‘s and 
Spearman‘s correlation coefficients are based on ranks, whereas Pearson‘s correlation 
coefficient measures only linear dependence. In the present study, Kendall‗s correlation 
coefficient (Kendall‘s tau) was computed and all three graphical methods were taken into 
consideration for better visualization of the results. 
 
3.3 Choice of Copulas 
After the dependence between the variables was evaluated, copulas from different families 
were selected as candidate models. Various copula functions can be found in the literature 
providing a set of different correlation structures that can be easily used in any study.  In the 
present work we considered only bivariate distributions and made use of three different copulas 
families. The choice of these copulas is motivated by the intention to include several families of 
copulas: Archimedean, Meta-Elliptical and Extreme Value copulas. The R package ‗copula‘ was 
used for the analyses and fitting of the observations (Hofert et al., 2013).  
The Clayton, Frank and Gumbel copulas belong to the class of Archimedean family. These 
functions have been extensively studied in the field of hydrology due to their useful analytical 
properties (Genest and MacKay, 1986; Genest and Rivest, 1993). Frank copula is a primary 
candidate in finance and hydrology as, in most applications, it can reasonably model the 
associated variables (Hutchinson, 1990). The Gumbel copula also belongs to the family of 
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extreme-value copulas (Capéraà et al., 2000), a family which provides appropriate models for 
the dependence structure between rare events. Last, the normal (Gaussian) copula is part of 
the meta-elliptical family copulas. This family has been described in the literature (Fang et al., 
2002; Abdous et al., 2005). 
Apart from the copulas mentioned previously, Survival Clayton, Survival Joe and Survival 
Gumbel copulas were also taken into consideration. A short definition of the survival has been 
stated in the paper of Salvadori (Salvadori, 2004): 
Let C be a copula, and the function Ĉ: I2 →I given by 
Ĉ(u, v) = u + v − 1 + C(1 − u, 1 − v)                                                            (4) 
is called the survival copula of U and V. Note that the generated survival copula is always a 
copula model. 
The choice of including survival copulas of the Archimedean family was taken in order to 
have a large number of copula models candidates. However, in some cases their properties 
may be significant, as in the case of survival Clayton copula which is considered a useful 
function for modelling joint excesses above a high threshold in the class of Archimedean 
copulas (Juri and Wüthrich, 2002).  
The properties of the chosen Archimedean (Gumbel–Hougaard, Clayton, Frank and Joe), 
extreme value (Gumbel–Hougaard and Tawn) and elliptical (Normal or Gaussian) copulas are 
presented below.  
Table 2. Basic properties of applied copulas function (Φ represents the cumulative distribution function of the 
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3.4 Copula Fitting 
Copula parameter estimation is commonly based on either the maximization of the 
pseudolikelihood or on the inversion of correlation coefficients (Spearman‘s rho or Kendall‘s 
tau). The maximization of the pseudolikelihood, a generally applicable method which does not 
have limitations regarding the dependence parameter, was selected for this study. The best fit 
was determined based to statistical tests and for complementary analysis graphical tests were 
also applied. The graphical tests set generated against observed values (Genest and Favre, 
2007), and give a visual description of the copula fitting, whereas the statistical ones refer to 
goodness-of-fit tests implementation (significance level 95%).  The Cramér-von Mises statistic 
of each copula was computed using a bootstrap procedure, as described in Genest (2009). 
Finally, the corrected Akaike Information Criterion among the non-rejected copulas determined 
the most appropriate model. 
 
3.5 From Copulas to Bivariate Distributions 
After the choice of the most efficient copula model, the bivariate distributions needed to be 
constructed. As previously mentioned, the copula method allows us to study the dependence 
structure and the marginals effects separately (Salvadori, 2004). A copula is a joint distribution 
function of standard uniform random variables. Copula functions connect univariate marginal 
distribution functions with the multivariate probability distribution (Sklar, 1959): 
Sklar Theorem: 
 Let FXY be a joint distribution function with marginals FX and FY . Then there exists a copula C 
such that : 
FXY (x, y) = C(FX (x), FY (y)) ,                                                         (5) 
 
 
for all reals x, y. If FX , FY are continuous, then C is unique; otherwise, C is uniquely defined on 
Range( FX ) × Range( FY ). Conversely, if C is a copula and FX , FY are distribution functions, 
then FXY given by Eq. (6) is a joint distribution function with marginals FX and FY. For more 
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information about copulas a comprehensive analysis can be found in Joe (1997) and Nelsen 
(1999). 
 
3.6 Return Periods 
The probability that extreme events such as floods, excess rainfall or storms will occur is 
often expressed as recurrence interval or, as most commonly known, return period. The return 
period μD is defined as the inverse of the probability of a phenomenon to occur, or as stated in 
(Salvadori, 2011) :  
   
 
    ∈  
,                                        (6) 
where D is a set collecting all the values judged to be dangerous according to some suitable 
criterion. In our case the dangerous region D can be defined as the set of values obtained from 
Annual Maximum Series (AMS) or Peaks Over Threshold (POT) and their corresponding flood 
volumes, μ is the average interarrival time of two realizations of X (if annual maxima are 
investigated, then μ= 1 year), and Pr[X ϵ D] is the probability of the random variable (vector) X to 
lie in the dangerous region D. Return period gives the estimated time interval between events of 
a similar size or intensity. However, this definition does not state that an event of that size 
occurs just once inside the specified time interval but instead, it is a means of quantifying the 
probability that this event will occur in any given year regardless of when the last similar event 
was.  
     Another term often used when dealing with return periods is the return level x(p).  The return 
level x(p) with return period T is defined as the magnitude of the event which has a non 
exceedance probability p and can be described with the following equation: 
 
Pr{ X > x(p)} = p, where p = 1/ T                                         (7) 
The choice of the recurrence interval of the design flow is of great importance and it depends 
on various factors such as the size of the watershed, the accepted failure risk and the type of 
the designed structure. In practice, for small watersheds short return periods are selected, 
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whereas long ones are selected in the case of structures such as levees (between 50 and 100 
years). As a rule of thumb, in areas where no direct risk on properties exist, a return period of 50 
years is considered safe, where in areas with human population the return period should be 
increased at 100 or 200 years. However, the suggested return periods do not address a specific 
hydrological characteristic of interest and so, any variable or combination of variables, if 
appropriate, could be chosen for the analysis.  
While in the univariate case the return period is uniquely defined (Chow et al., 1988) in the 
multivariate events it has various interpretations. Three different approaches, strictly related to 
copula application, can be found. These are the Kendall‘s distribution or survival function, the 
conditional return period and the joint return period. In this study the bivariate joint (primary) 
return periods called OR operator ―∨‖ and AND operator ―∧‖,were used (Salvadori et al., 2007;  
Vandenberghe et al., 2013; Yue and Rasmussen, 2002), and are defined as: 
    
    
 
           
                                            (8) 
    
     
 
               
                                      (9) 
where u and v follow a uniform distribution U(0,1). The U denotes FX(X) and V denotes FY(Y) 
and were constructed after applying the probability integral transform to X and Y, a 
transformation which allowed us to simplify our work by using an equivalent set of values which 
follow the standard uniform distribution. These joint probability distributions can describe the 
probability that either the u or the v variables exceed the defined thresholds (OR case), or that 
both u and v variables exceed their thresholds during an event (AND case). The values of the 
return period only depend on the copula model and not on the marginal distributions. The 
marginals are used in order to ―return from the space defined by the uniform distributions of U 
and V to the space of the real distributions of X and Y‖ (Bruner, 2016), and therefore find the 
values of the X,Y variables of interest which correspond to the chosen return periods. 
As stated before, the joint bivariate return periods are not unique, but instead, they have 
inﬁnite combinations of values, described with the level curve. All pairs (u, v) that lie on the  
Institutional Repository - Library & Information Centre - University of Thessaly




same level curve of the copula have the same return period T(p), however, these combinations 
of values for u and v have various probabilities of occurrence, measured by the joint pdf, and 
can have significant differences from one another.  
The isoline (or often called level curve or quantile curve) can be divided into a naive part (tail) 
and a central part, assuming that the naive part can be decomposed into two segments which 
start at the end of each extremity of the central part (Chebana and Ouarda, 2011). While the 
value of the one variable decreases as it approaches the naïve part and progressively reaches 
its marginal value, the other, given that the variable is unbounded, tends to indefinitely increase 
(Volpi and Fiori, 2012). Methods proposed in literature for specifying the most appropriate joint 
return period are H-conditional approach (Salvadori, 2014), the component-wise excess 
realization or the most-likely design realization (Salvadori, 2011) and the critical level curve in 
the bivariate case method (Volpi and Fiori, 2012).  
The most-likely design realization method, which was used in the present study, is a method 
which leads in the selection of a unique return period. It introduces a weighting function which 
specifies the point over the critical layer with the greatest value of the joint probability density 
function fxy. It is also known as ―typical‖ critical realization, and is described with the following 
equation: 
            ⏟  
        
   (   
        
     )                                 (10) 
where u and v depict the converted via the probability integral transform realizations of the 
marginal distributions FX and FY of the random variables X and Y. 
After the identification of the maximization point, the pair (u,v) was used in order for the 
exceedance probability to be calculated. The maximization point could either, in some cases, be 
calculated analytically or empirically by estimating f over suitable pairs on the critical layer. 
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3.7 Uncertainty in Return Period Estimation 
 
Stochastic analysis of hydrologic data involves two main types of uncertainty; aleatoric (or 
inherent), which represents the random and variable nature of the physical processes, and 
epistemic, a systematic uncertainty caused by the lack of data and knowledge of the 
phenomenon under investigation. Unlike inherent, epistemic uncertainty can be reduced. 
Therefore, in order to have reliable estimations of the return periods and avoid the risks 
concerning the safety of people and constructions, the aspects related to epistemic uncertainty 
need to be taken into consideration.  
Epistemic uncertainty can be categorized in two types: statistical and model. Statistical 
uncertainty involves the sample size and the measurements error (which can be estimated by 
statistical methods, provided that many samples are colected), the data analysis methods such 
as the choice of a sampling method when dealing with extremes, and finally, the parameter 
estimation which is strongly influenced by the data quality and quantity. On the other hand, 
model uncertainty is related to the choice of an appropriate probability distribution, copula model 
and finally, to possible errors in numerical approximations while using computer algorithms 
(Figure 7). 
According to Kao (Kao, 2007), the main factors of uncertainty which need to be addressed 
when applying a frequency analysis method are: the sample size, the numerical approximations 
while implementing the computer model and the choice of appropriate probability distributions 
and data analysis methods. Serinaldi (2013) and Dung (2015) highlighted the importance of the 
number of observations as the major cause of uncertainty in case of return period estimation. 
Various studies have been implemented in univariate return period estimation such as (Bonnin, 
2004; Jagtap, 2014). In those cases, a record length of 50 years is considering sufficient in 
order to successfully model the statistical inference and obtain reliable return periods estimates.  
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Figure 5. Uncertainty factors in statistical frequency analysis. 
Furthermore, even though the copula approach is a highly recommended method when 
dealing with hydrological phenomena and at-sites return period estimates, there have not been 
enough studies in order for a uniform technique in terms of sample size and methodology to be 
established. To that end, an estimation of the 100 and 500 years joint return periods will be 
implemented for 90 years long rainfall timeseries. As a second step, the full length dataset will 
be separated into three smaller samples, of 30 years each. These subsamples can be created 
in two ways; by separating the data following a chronological order, or by a bootstrap procedure 
in which 30 observations would be randomly selected for each subset without taking into 
consideration their temporal information. The first method was chosen as we are also interested 
in verifying that there are no trends in our datasets. Finally, the results of the four records will be 
compared and evaluated for their differences.  
Moreover, it should be noted that apart from data‘s size, a short demonstration of other 
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as a result different choice of probability distributions) will also be made, with the help of the 
Yermasoyia flow dataset.  
4 RESULTS 
 
The copula models and return periods were calculated as described in the methodology 
section, at the stream station and the three rainfall gauging stations considered in this project. It 
should be mentioned that the analysis of precipitation and discharge datasets is almost 
identical, but different results and conclusions are expected from each case. However, due to 
the extensive computations it is not wise to examine analytically the results for each of the 
stations. For this reason a selection of the most important outputs was done, aiming to cover the 
analysis of the selected models, the dependence analysis and the estimated return periods. 
 
4.1 Stream Gauging Station (Yermasoyia) 
The technique, described in the methodology section is applied, in order to evaluate the 
design variables which could be used in the sizing of a flood control reservoir on the 
Yermasoyia River. In this case, both the flood peak and the flood volume are crucial factors; 
thus, provided that the two variables are related, the copula approach would be more 
substantial than the single-variate one.  
The flow peaks Q were initially selected based on the annual maximum series method. The 
Lyne-Hollick baseflow separation filter was applied in order to separate the baseflow from the 
total flow. The remaining values constitute the runoff or hydrograph volume. Then, the flood 
volume V was estimated by finding the flood volume which corresponds to the selected flood 
peaks events. The annual maxima series of peak discharge and their corresponding flood 
volumes are presented in Figures 6 i and iii.   
As a second approach, the ―peaks over threshold‖ or POT method was also applied in the 
Yermasoyia flow dataset. The threshold was chosen according to the POT methodology, as 
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shown in Annex [Figure II 1], aiming to create a larger sample of extreme events compared to 
the previous analysis. More specifically, the threshold u0=3.8 was selected in order to satisfy the 
two graphical criteria; above the threshold u0, i. the mean residual life plot should be 
approximately linear in u and ii. the values of shape ξ and scale σ in the threshold range plot for 
parameters should be stabilized [Annex II-Figure II 1]. The available observations amount to n = 
40 pairs of maximum flow peaks (Q) with a mean inter-arrival time μ = 0.75 years. Afterwards, 
the flood volumes (V) corresponded to the specified flood peaks were calculated. Results of the 
analysis are shown in Figures 6 ii and iv. 
 
 
(i)                                                                           (ii) 
 
(iii)                                                                                  (iv) 
Figure 6. i. Peak Discharges for Annual Maxima Series Method, ii. Peak Discharges for Peak Over Threshold Method 
iii.Corresponding Flood Volumes for discharges sampled with AMS method and iv. Corresponding Flood Volumes for 
discharges sampled with Peak Over Threshold method. 
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4.1.1 Univariate Analysis  
 
The results of univariate analysis, parameters of the selected marginal distributions and data 
characteristics, can be seen in table 3. Graphical tests are presented in Annex [Figure II 1]. For 
AMS data, the generalized extreme value distribution (GEV) was selected for fitting, as it is 
proven to be the most reliable distribution for maxima (Fisher, 1928). The events which were 
chosen using a POT approach were fitted in a generalized pareto distribution (GPD) in 
accordance to extreme value theory (Coles, 2001). After the graphical and goodness of fit 
(GOF) tests were performed and AIC values were computed for each of the accepted models, 
exponential and lognormal distributions were selected for the flood volumes V, for the first and 
second dataset respectively. Model parameters were estimated by maximum likelihood (ML) 
method.  
Finally, as soon as the appropriate model was obtained, the univariate return periods were 
calculated for 2, 5, 10, 25, 50, 100, 200 and 500 years and are presented in table 4. 
 
Table 3. Results of the copula approach for Peak Discharge and Flood Volume variables, for Annual Maximum 
Series and Peak Of Threashold, Yermasoyia Station. 
 
1st Data Sample 2nd Data Sample
Station YERMASOYIA YERMASOYIA
Years 1969-1999 1969-1999
Length (In Years) 30 30
Number Of Events 30 40
Kendall's tau 0.71 0.51
DISCHARGE VARIABLE
Sampling Method AMS POT
Marginal Distribution GEV GPD
Distribution Parameters (μ,σ,ξ) 3.95, 3.01, 0.44 scale =2.11, shape = 0.53
Kolmogorov smirnov Test(p>0.05) 0.826 0.258
VOLUME VARIABLE
Sampling Method Corresponding value Corresponding value
Marginal Distribution EXP Lognormal
Distribution Parameters (μ,σ,ξ) λ=rate=0.549 meanlog=0.357,sdlog =0.702
Kolmogorov smirnov Test(p>0.05) 0.982 0.610
Copula Model Gumbel(par=3.51,tau=0.71) Joe (par = 2.78, tau = 0.49) 
Von Mises (bootstrap) (p>0.05) 0.053 0.511
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Table 4. Results of the Univariate Return Periods 2, 5, 10, 25, 50, 100, 200 and 500 for Peak Discharge and Flood 
Volume for Annual Maximum Series and Peak Of Threashold, Yermasoyia Station. 
 
 
As shown above, the univariate return values have differences only for the peak discharge 
variable in the lower return periods. However, the deviations between the two approaches can 
be attributed to the data processing algorithm, and not solely to the applied methodology.  
 
4.1.2 Bivariate Analysis  
 
 
After the univariate analysis was performed, a formal assessment of the dependence 
between the pairs of the considered variables was tested with the help of Kendall correlation 
coefficient. The values returned were 0.74 for the first sample (AMS sampling for peak 
discharge) and 0.51 for the second (POT sampling for peak discharge).  
Histograms and a scatterplot of the Q-V pair are presented in Figure 7i, in which a strong 
correlation between the two variables can be easily noticed. Chi-plot and K-plot used for a 




Yermasoyia 2 5 10 25 50 100 200 500
Peak Discharge 5.14 10.34 15.53 25.09 35.28 49.05 67.73 103.01
Flood Volume 1.26 2.93 4.20 5.87 7.13 8.39 9.66 11.33
AMS SAMPLING-RETURN LEVEL:
  /s 
 x      
Station
Yermasoyia 2 5 10 25 50 100 200 500
Peak Discharge 1.77 5.37 9.53 18.01 27.81 41.97 62.44 104.12
Flood Volume 1.43 2.58 3.52 4.89 6.05 7.32 8.72 10.79
POT SAMPLING-RETURN LEVEL:
  /s 
 x      
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Figure 7. i. A scatterplot matrix of the selected variables and their Kendall correlation coefficient (left) and ii. Comparison 
between the observed and simulated values (sample size 1 000) (Q-V) for Gumbel (up) and Joe Copula (down) for 1000 
simulations iterations, indicating an adequate fit between the simulating and observed values  (right). 
 
In the next step, the different copulas from the three families were fitted to Q-V pair. The 
parameters of the copulas were estimated with the maximum pseudolikelihood method and the 
considered functions were compared with different goodness-of-fit and graphical tests (graphical 
tests are presented analytically in Annex II- Figure II 3 - 4). For the AMS method sample only 
Tawn and Survival Gumbel copulas were rejected while for the POT, all copula candidate 
models were accepted in the 95% significance level. Results of the AIC values computations 
are presented in Figure 8. Gumbel copula with parameter = 3.51 was selected for the AMS 
sample, as it had the smaller AIC value, and at the same time had an adequate fit. The 
statistical test p-value was 0.053 for the bootstrapped p-value of the goodness-of-fit test using 
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the Cramer-von Mises statistic (95% significance level). In a similar manner, the Joe Copula  
(parameter = 2.78) for the POT method was fitted to the sample (p-value=0.511). Analytical 
results are demonstrated in Table 3. Furthermore, Figure (7ii) shows the graphical tests of the 
selected copulas Gumbel and Joe for a sample size of 1000 simulations for the pair (Q-V). The 
Kendall‘s tau extracted from the comparison between observed and simulated values was 0.71 
for the copula and 0.74 for the actual data in the first case, and 0.49 with 0.51 for the second, 
indicating that the correlation of the real data was preserved in the copula.  
 
 
Figure 8.  AIC values for copula fitting process in i. AMS method sample (left) and ii. POT method sample (right) 
 
After copula selection, the bivariate distribution function was constructed and the selected 
marginals were taken into consideration. Figure 9 illustrates the density and cumulative function 
of the generated bivariate distribution and Figure 10 their corresponding contours. The results 
are presented for demonstrational purposes. Finally, Figure 11, 12 and Table 4 and 5 show the 
derived joint return (primary) periods for the OR and AND cases, constructed following the 
Equations 8 and 9, and the most likely realization method as described in Chapter 3.6. The TOR 
and TAND joint return periods express the possible conditions of ―failure‖ in case of having two 
variables which are considered important for design purposes. To be more thorough, the 
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variables of interest can either work together or simultaneously in order to cause failure. In case 
that the condition of failure is met when either or both peak discharge Q and flood volume V 
variables exceed their threshold, the cooperative risk TOR should be taken into consideration. On 
the other hand, in case that failure occurs when both Q and V variables exceed their threshold 
simultaneously (or dually), the dual return period TAND needs to be calculated. The calculation of 
the two different joint return period cases is important as if the two variables Q and V can 
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Figure 10. 3D representation of the density and cummulative function of the generated bivariate distribution, and 
the corresponding contours, for the 1st sample (Q-AMS sampling) (up) and 2nd sample (Q-POT sampling) (down). 
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The results of the bivariate analysis for the two methods had some differences that need to 
be discussed. Firstly, correlation between the peak discharge set constructed following the AMS 
method and its corresponding flood volumes was higher than the ones produced from the POT 
method. Secondly, since their correlation structure is different, other copulas functions needed 
to be applied. Nevertheless, the estimated values for the given return periods were similar to 
one another and differences were demonstrated only in the lower recurrence intervals, as 
previously observed in the univariate case, as well.  It should be noted that the data processing 
algorithm and the choice of the threshold are also possible factors of the uncertainty shown in 
the results. 
Table 5. Results of the Bivariate Return Periods 2, 5, 10, 25, 50, 100, 200 and 500 for Peak Discharge and Flood 
Volume (Annual Maximum Series).
 
 
Figure 11. Level curves for the bivariate return periods, black for cooperative risk T
OR
 and brown for dual risk T
AND
. 
The colour range changes as the probability reaches from 0 to 1. U denotes FX(X) which represents the random 
variable from the marginal distribution of the peak discharge values and V denotes FY(Y) which represents the 
random variable from the marginal distribution of the flood volume values. Each of the lines refer to a specific return 
period and the values on the two axis are equivalent to the probabilities of occurrence of the random variables X 
(peak discharge) and Y (flood volume) respectively. 
 
Station
Yermasoyia 2 5 10 25 50 100 200 500 Yermasoyia
Peak Discharge/   
dual
4.46 3.28 13.53 21.87 31.14 43.41 58.01 93.07
Peak Discharge/ 
cooperative
5.86 11.47 17.07 27.39 38.42 53.35 75.06 108.06
Flood Volume/      
dual
1.01 2.59 3.82 5.49 6.72 7.98 9.34 10.84
Flood Volume/         
cooperative
1.53 8.98 4.57 6.26 7.52 8.78 9.99 11.93
AMS SAMPLING-RETURN LEVEL:
  /s 
 x      
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Table 6. Results of the Bivariate Return Periods 2, 5, 10, 25, 50, 100, 200 and 500 for Peak Discharge and Flood 
Volume (Peak of Threshold Method). 
 
 
Figure 12. Level curves for the bivariate return periods, black for cooperative risk T
OR
 and magenta for dual risk T
AND
. 
The colour range changes as the probability reaches from 0 to 1. U denotes FX(X) which represents the random 
variable from the marginal distribution of the peak discharge values and V denotes FY(Y) which represents the 
random variable from the marginal distribution of the flood volume values. Each of the lines refer to a specific return 
period and the values on the two axis are equivalent to the probabilities of occurrence of the random variables X 
(peak discharge) and Y (flood volume) respectively. 
 
4.2 Rain Gauging Stations (Larnaka, Limasol & Nicosia) 
Ninety years of rainfall data on the Larnaka, Limassol and Nicosia rainfall gauging stations 
were analysed in this work, covering the years 1920 to 2010. The datasets were used in two 
ways. First, for the total timeseries the copula approach was applied and return values were 
calculated. Then the process was repeated for the periods 1920 to 1950, 1950 to 1980 and 
1980 to 2010 separately, having three samples of 30 years for each application. Results were 
Station
Yermasoyia 2 5 10 25 50 100 200 500
Peak Discharge/   
dual
1.77 5.18 8.82 15.25 22.21 31.89 44.69 70.86
Peak Discharge/ 
cooperative
5.31 8.80 12.69 20.92 30.85 45.56 66.26 110.35
Flood Volume/      
dual
0.28 1.16 2.43 4.22 5.53 6.88 8.36 10.47
Flood Volume/         
cooperative
1.46 2.68 3.72 5.32 6.67 8.12 9.79 12.00
POT SAMPLING-RETURN LEVEL:
  /s 
 x      
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finally compared. The excess rainfall events were selected based on the annual maximum 
series method and then, the corresponding flood volume values were estimated. 
 
Figure 13. Rainfall depth (left) and rainfall peaks for the Annual Maxima Series (right) for the period 1920-2010, for Stations 
Larnaka, Limasol and Nicosia. 
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4.2.1 Univariate Analysis  
 
After the annual maxima peaks of the variables of interest were determined, a univariate 
flood frequency analyses was performed. According to the applied graphical and statistical 
tests, GEV distribution was the optimal probability model for both rainfall depth and duration for 
Larnaka and Limasol, whereas for Nicosia Station, Gamma distribution had a better fit for 
rainfall depth and GEV distribution for the hydrograph duration respectively. The graphical tests, 
the parameters and Kolmogorov-Smirnov Goodness-of-Fit Test of the selected marginal 
distributions method of the selected marginal distributions are presented in Tables 11,13 and 15 
(first column). 
Finally, with the help of the marginal distributions, the univariate return periods were 
calculated for 2, 5, 10, 25, 50, 100, 200 and 500 years and can be observed in Table 7. 
 
 
Table 7. Results of the Univariate Return Periods 2, 5, 10, 25, 50, 100, 200 and 500 for Rainfall Depth and Duration for Larnaka, 
Limasol and Nicosia Station. 
 
In order to evaluate whether a copula model should be applied, Kendall correlation coefficient 
was calculated to identify the dependence structure. The Kendall correlation coefficient was  
 
Station
Larnaka 2 5 10 25 50 100 200 500
Depth (cm) 8.05 11.73 15.60 22.57 30.24 40.21 53.47 77.94
Duration (days) 5.17 6.90 8.16 9.74 10.95 12.09 13.20 14.61
Station
Limasol 2 5 10 25 50 100 200 500
Depth (cm) 10.14 13.07 15.17 17.74 19.66 21.45 23.15 25.27
Duration (days) 5.17 6.90 8.16 9.74 10.95 12.09 13.20 14.61
Station
Nicosia 2 5 10 25 50 100 200 500
Depth (cm) 6.98 9.14 10.83 13.14 14.90 16.72 18.60 21.15
Duration (days) 1.26 2.07 2.61 3.27 3.75 4.21 4.66 5.25
RETURN LEVEL
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Figure 14. Chi-Plots and K-Plots for the Rainfall Depth - Duration pair sample of Larnaka, Limasol and Nicosia 
Stations. 
 
found to be 0.14 for Larnaka Station, 0.35 for Limasol and 0.27 for Nicosia Station, respectively. 
Histograms and a scatterplot of the Depth-Duration pair along with the Kendall‘s tau values are 
presented in Figure 16i., in order for the dependence to be visualized. Chi-plot and K plot 
[Figure 14] are graphically representing the dependence of different variable pairs. As we can 
see, the variables Depth and Duration are dependent, but however their dependence is not 
strong.  
More specifically, the dependence between Depth and Duration variables for Larnaka Station 
may be low, but is still significant. According to the Chi-plot, if rainfall depth and duration were 
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independent variables, then most of the events would be found in the area between the 
confidence intervals (Fisher and Switzer, 1985; Fisher and Switzer, 2001), whereas 
independency on the K-plot is assumed when the events are located on the line x = y.  
As shown in Figure 14, most of Larnaka‘s Station events are located out of the confidence 
interval area, even though an important percentage of them lies inside. Furthermore, the K-plot, 
as it was expected, indicated the existence of a positive correlation (a positive dependence is 
identified If the events are located above the line, a negative dependence is indicated when the 
points are under the line). In both Limasol and Nicosia Station, the two plots indicate a 
significant correlation, as almost no points of the Depth-Duration pair lie in the area defined by 
the confidence intervals in the Chi-plot, and K-plot shows positive correlation. The few ties in the 
sample of our data could possibly be explained by the time scale of the data used (daily time 
series). The conclusions obtained by the diagrams are in consistency with the correlation 
coefficients. 
 
4.2.2 Bivariate Analysis 
 
The nine copulas, namely, the Gumbel–Hougaard, Clayton, Frank, Joe, Survival Gumbel, 
Survival Clayton, Survival Joe, Tawn and Gaussian, [Table 2] were fitted to the data samples 
and then the most appropriate copula for each station was identified. The parameters of the 
models were estimated using the maximum pseudo-likelihood method (Genest and Favre 
2007). Copulas were initially compared based to Cramer-von Mises statistical test and the 
goodness of fit of the accepted models was also demonstrated by graphical tests (Annex II – 
Figures II 5-6-7). For the Larnaka Station dataset only Clayton, Tawn and Frank copulas were 
accepted, while for the Limasol Station Survival Joe and Gumbel copulas were rejected in the 
95% significance level. Similarly, in Nicosia Station the copulas rejected were only Survival Joe 
and Gaussian. Results of the AIC values estimations can be found in Figure 15. It should be 
noted that only the copulas which presented a sufficiently good fit (copulas for which the p-value 
was greater than 0.05) were taken into further consideration. Finally, Frank (parameter=1.22), 
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Survival Gumbel (parameter=1.37) and Gaussian (parameter=0.54) models were selected 
based on the smallest AIC estimate, for Larnaka, Limasol and Nicosia Stations, respectively. In 
order to illustrate the goodness of fit of the selected models, the copula simulated and the 
observed values of each data sample were plotted for rainfall depth and duration in Figure 16ii. 
This plot indicates that the chosen copula distributions do reflect the dependence structure of 
correlated rainfall variables in all cases. It is worth mentioning that Limasol Station, which has 
the highest Kendall‘s tau, has a significantly better fit between the produced and true values. 
The values of Kendall‘s, results of the Cramer-von Mises statistic test and parameter h of each 
of the chosen copulas are given analytically in Tables 11-13-15 (first column).  
 
Figure 15. AIC values and accepted copulas for 95% significance level for the three rainfall stations. 
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Figure 16. i. A scatterplot matrix of the selected variables and their kendall correlation coefficient (left) and ii. 
Comparison between the measured and simulated values (sample size 1 000) (Q-V) for Frank (parameter=1.22), 
Survival Gumbel (parameter=1.37) and Gaussian (parameter=0.54) copula for 1000 simulations iterations, indicating 
an adequate fit between the simulating and observed values  (right). 
 
Finally, the three bivariate joint density and cumulative distributions between rainfall depth 
and rainfall duration were constructed by merging the obtained marginal distributions and 
dependence structures, and are presented in the plots bellow [Figure 17]. 
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Figure 17. 3D plain scatterplot of the generated bivariate distribution, density and cummulative distribution, for the 
three stations. 
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The joint return periods of rainfall depth and duration at the three Cyprus‘ Stations were 
computed. Equations (8) and (9) express the joint return period, and the results for 2, 5, 10, 25, 
50, 100, 200 and 500 years and can be observed in Figures 18-20. The unique values of the 
bivariate return periods were obtained by the most-likely design realization method, as 
described in the methodology section. 
Table 8. Results of the Bivariate Return Periods 2, 5, 10, 25, 50, 100, 200 and 500 for Station Larnaka. 
 
Figure 18. Level curves for the bivariate return periods, black for cooperative risk TOR and magenta for dual risk 
TAND. The colour range changes as the probability reaches from 0 to 1. U denotes FX(X) which represents the 
random variable from the marginal distribution of the rainfall depth values and V denotes FY(Y) which represents the 
random variable from the marginal distribution of the rainfall duration random values. Each of the lines refers to a 
specific return period and the values on the two axis are equivalent to the probabilities of occurrence of the random 
variables X (Rainfall Depth) and Y (Rainfall Duration) respectively. 
 
Station
Larnaka 2 5 10 25 50 100 200 500
Depth (cm)/ 
dual
5.33 6.69 7.36 7.88 8.10 8.21 8.27 8.30
Depth (cm)/ 
cooperative
8.55 13.75 18.80 27.85 37.22 49.66 66.09 78.07
Duration (d)/       
dual
3.80 5.75 7.03 8.65 9.84 11.00 12.14 13.59
Duration (d)/         
cooperative
6.03 8.25 9.62 11.25 12.41 13.52 14.59 24.44
RETURN LEVEL
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Table 9. Results of the Bivariate Return Periods 2, 5, 10, 25, 50, 100, 200 and 500 for Station Limasol. 
 
 
Figure 19. Level curves for the bivariate return periods, black for cooperative risk TOR and magenta for dual risk TAND. 
The colour range changes as the probability reaches from 0 to 1. U denotes FX(X) which represents the random 
variable from the marginal distribution of the rainfall depth values and V denotes FY(Y) which represents the random 
variable from the marginal distribution of the rainfall duration random values. Each of the lines refers to a specific 
return period and the values on the two axis are equivalent to the probabilities of occurrence of the random variables 
X (Rainfall Depth) and Y (Rainfall Duration) respectively. 
 
In this application, an effort for consistency among the applied statistical methods was made 
in order to avoid differences in the results that could be caused by applied methodology 
(different extreme event sampling methods, or distribution models). In this context, the 
comparison between univariate and bivariate methods showed that the results were consistent 
and the return periods lie in the relationship TOR < TUNI < TAND . Furthermore, Gamma distribution 




Limasol 2 5 10 25 50 100 200 500
Depth (cm)/ dual 7.58 10.83 13.10 16.65 18.94 20.98 22.70 25.05
Depth (cm)/ 
cooperative
10.62 14.20 16.41 19.04 20.88 22.60 24.24 26.79
Duration (d)/       
dual
5.19 7.61 9.12 9.88 10.22 10.50 11.98 11.61
Duration (d)/         
cooperative
7.55 10.47 12.36 14.72 16.45 18.16 19.81 21.60
RETURN LEVEL
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Table 10. Results of the Bivariate Return Periods 2, 5, 10, 25, 50, 100, 200 and 500 for Station Nicosia. 
 
Figure 20. Level curves for the bivariate return periods, black for cooperative risk TOR and magenta for dual risk TAND. 
The colour range changes as the probability reaches from 0 to 1. U denotes FX(X) which represents the random 
variable from the marginal distribution of the rainfall depth values and V denotes FY(Y) which represents the random 
variable from the marginal distribution of the rainfall duration random values. Each of the lines refers to a specific 
return period and the values on the two axis are equivalent to the probabilities of occurrence of the random variables 
X (Rainfall Depth) and Y (Rainfall Duration) respectively. 
 
4.2.3 Evaluation of Uncertainty in Terms of Sample‘s Size 
As a rule, small sized samples cannot correctly interpret the statistical properties of the 
population distribution. As already stated, the sample size can be a major uncertainty factor 
while dealing with the estimation of flood or rainfall design values. Hence, in order to evaluate 
the uncertainty of return period estimation in copula method when small data samples are used, 
each of the 90 years length time-series were divided into 3 sub-datasets and return periods for 
both univariate and bivariate models were calculated. The 100 and 500 years return periods 
Station
Nicosia 2 5 10 25 50 100 200 500
Depth (cm)/    
dual
6.23 8.88 10.69 13.06 14.86 16.68 18.10 20.88
Depth (cm)/ 
cooperative
8.72 11.71 13.84 16.64 17.83 20.11 22.87 23.13
Duration (d)/       
dual
0.26 0.15 0.39 0.73 1.03 1.35 3.88 3.10
Duration (d)/         
cooperative
4.96 7.70 9.65 12.27 14.13 15.30 18.87 19.68
RETURN LEVEL
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were selected for comparison, as they are often used as design variables in the construction of 
important hydraulic structures. The details regarding the fitting of various marginal distributions 
and copula models are omitted as they were extensive, and the results of the selected models 
can be seen in tables 11-13-15. 
Table 11. Results of the copula approach for Rainfall Depth and Rainfall Duration variables, for the main sample and 
















Larnaka‘s Station characteristics are presented in Table 11. As shown, the same sampling 
method is used for all cases (Annual Maxima Series & Corresponding values), and the data 
were found to follow the GEV distribution function. More specifically, for the rainfall depth the 
GEV (Fréchet subfamily) is fitted in the four datasets with similar estimated parameters, while 
for the duration, even though they all follow the same distribution their parameters show 
significant differences. Kendall‘s tau is also almost the same in all samples. However, the 
dependence structure of each application completely different. As shown in Figure 21, in the 3rd 
and 4th sample almost the 50% of the values are in the area between the confidence interval in 
the chi-plot and also, a big amount of points lie in the y=x line in K-plots. This, along with the 
relatively small Kendall‘s tau indicates low dependence.  However, these evidences are not 
enough to validate the assumption of independence and hence the joint distribution to be 
reduced to a simple product of marginals.  
1st Data Sample 2nd Data Sample 3rd Data Sample 4th Data Sample
Station LARNACA LARNACA LARNACA LARNACA
Years 1920-2010 1920-1950 1950-1980 1980-2010
Length (In Years) 90 30 30 30
Number Of Events 90 30 30 30
Kendall's tau 0.14 0.17 0.15 0.14
RAINFALL DEPTH VARIABLE
Sampling Method AMS AMS AMS AMS
Marginal Distribution GEV GEV GEV GEV
Distribution Parameters (μ,σ,ξ) 6.06, 2.49, 0.41 6.67, 2.79, 0.50  5.82, 1.74, 0.32 5.66, 2.65, 0.51
Kolmogorov smirnov Test(p>0.05) 0.9888 0.9991 0.9897 0.8259
RAINFALL DURATION VARIABLE
Sampling Method Corresponding value Corresponding value Corresponding value Corresponding value
Marginal Distribution GEV GEV GEV GEV
Distribution Parameters (μ,σ,ξ) 3.82, 1.98, -0.04 3.91, 1.90, -0.08  4.38, 2.31, -0.14 3.30, 1.68, 0.05
Kolmogorov smirnov Test(>0.05) 0.2240 0.6968 0.6647 0.7534
Copula Model Frank, (par=1.22,tau=0.13) Survival Clayton (par = 0.50, tau = 0.20) Joe (par = 1.40, tau =0.18) Clayton (par=0.46,tau=0.19)
Von Mises (bootstrap)(p>0.05) 0.1200 0.5589 0.2000 0.1111
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Figure 21. Chi-Plots and K-Plots for the sub-samples of Larnaka Station. 
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Table 12. Rainfall Depth Return Levels (in cm) for univariate AND and OR cases for the different datasets for 
Station Larnaka (T=100 and T=500 yrs) 
 
As the next step three different copula models were fitted into the samples and then bivariate 
periods were calculated, following the methodology described in the previous chapters. The 
results are presented in Table 12. The values of the estimated return periods, even though they 
follow the same TOR < TUNI < TAND relationship, they indicate very big differences. It is interesting 
to note that even though all the samples had similar correlation coefficients and were modelled 
by the same marginal distributions, both their corresponding bivariate return periods and their 
univariate counterparts showed important differences. More specifically, while the TANDs are 
almost the same in all cases (range from 6.22 to 8.60), the TOR and TUNI have differences that 
could reach the 50% or even 75% difference in the value. This, ie. in the 500yrs period for the  
TOR case means that the values could range from 43.14 to 173.98. 
Table 13. Results of the copula approach for Rainfall Depth and Rainfall Duration variables, for the main sample and 











T=100yrs UNIVARIATE AND OR
1920-2010 40.21 8.21 49.66
1920-1950 56.48 6.71 67.61
1951-1980 23.87 6.22 27.09
1981-2010 38.42 8.42 77.07
T=500yrs UNIVARIATE AND OR
1920-2010 77.94 8.30 78.07
1920-1950 124.43 6.62 143.35
1951-1980 39.44 6.14 43.14
1981-2010 77.16 8.60 173.98
1st Data Sample 2nd Data Sample 3rd Data Sample 4th Data Sample
Station LIMASOL LIMASOL LIMASOL LIMASOL
Years 1920-2010 1920-1950 1950-1980 1980-2010
Length (In Years) 90 30 30 30
Number Of Events 90 30 30 30
Kendall's tau 0.35 0.33 0.26 0.59
RAINFALL DEPTH VARIABLE
Sampling Method AMS AMS AMS AMS
Marginal Distribution GEV GEV GEV GEV
Distribution Parameters (μ,σ,ξ) 7.79,  3.47, -0.07  8.70,  3.39, -0.19 6.87, 2.82, 0.14 7.74,  3.80, -0.06
Kolmogorov smirnov Test(p>0.05) 0.7835 0.9878 0.9412 0.8746
RAINFALL DURATION VARIABLE
Sampling Method Corresponding value Corresponding value Corresponding value Corresponding value
Marginal Distribution GEV GEV GEV GEV
Distribution Parameters (μ,σ,ξ) 5.42,  2.65, -0.02  5.52,  2.89, -0.20 6.12,  2.85, -0.07  4.83, 2.18, 0.10 
Kolmogorov smirnov Test(>0.05) 0.4212 0.5704 0.5942 0.6988
Copula Model Gaussian (par = 0.54, tau = 0.36) Clayton (para=0.81,tau=0.29) Frank (para=2.34,tau=0.25) Gumbell (para=2.63,tau=0.62)
Von Mises (bootstrap) (p>0.05) 0.18 0.4400 0.9700 0.2400
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The same pattern as the one previously analyzed, can be seen in Limasol Station. The 
analysis of the samples showed that GEV distribution is the most appropriate for modeling both 
duration and rainfall depth. The parameters of the fitted distributions had differences from one 
another, and at the same time, Kendall‘s correlation coefficient indicated that the last thirty years 
had much stronger correlation (0.59) than the others (approximately 0.30). The copula models 
used were different in every sample and can be seen in Table 13. The return periods presented 
in Table 14, have relatively small differences in the 100yrs return period, whereas in the 500yrs 
period there were differences in AND and OR cases, with values ranging from 9.94 to 25.05 and 
21.74 to 40.05 respectively.  
Table 14. Rainfall Depth Return Levels (in cm) for univariate AND and OR cases for the different datasets for Station 
Limasol (T=100 and 500 yrs) 
 
 
Finally, Nicosia Station was evaluated. The observations follow the exact same pattern as 
before, with the only difference to be the gamma distribution, which was chosen for duration 
variable in the whole dataset and the 1st sample in contrast with the GEV distribution fitted in 
the other two sets. The probability models‘ parameters and Kendall‘s tau show differences, with 
values for the latter ranging from 0.18 to 0.27. The copulas models used are also presented in 
Table 15. After applying the Archimedean family copulas, the 100-year and 500-year bivariate 
estimates for the three datasets are shown in Table 16 along with the corresponding univariate 
rainfall estimates. The return periods of this Station are in accordance with the results taken 
from the previous two stations and their differences can be observed in all three design values. 
 
T=100yrs UNIVARIATE AND OR
1920-2010 21.45 20.98 22.60
1920-1950 20.01 15.46 20.02
1951-1980 25.24 15.93 28.56
1981-2010 23.06 23.04 23.96
T=500yrs UNIVARIATE AND OR
1920-2010 25.27 25.05 26.79
1920-1950 21.06 17.02 21.74
1951-1980 35.08 10.70 40.05
1981-2010 27.50 9.94 28.24
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Table 15. Results of the copula approach for Rainfall Depth and Rainfall Duration variables, for the main sample and 
the 3 sub-datasets of Nicosia Station. 
  
 
Table 16. Rainfall Depth Return Levels (in cm) for univariate AND and OR cases for the different datasets for Station 
Nicosia (T=100 and T=500 yrs). 
 
 
As a final remark it should be noted that the differences in Kendall‘s Tau values when 
computing it from the different subsamples of Limasol and Nicosia Stations indicate that the 
relationship between the two variables possibly changes over time. The same conclusions could 
be drawn for the return period values in the different subsamples of the three stations. 
Especially in Nicosia dataset, it is worth noting that both the return values and the correlations 
are higher at the first 30 years than at the end of the sample. Even though the Stations‘ datasets 
were further assessed for stationarity and trend by Augmented Dickey Fuller test (Dickey, 
1984), Kwiatkowski–Phillips–Schmidt–Shin test (D. Kwiatkowski et al, 1992) and Mann-Kendall 
1st Data Sample 2nd Data Sample 3rd Data Sample 4th Data Sample
Station NICOSIA NICOSIA NICOSIA NICOSIA
Years 1920-2010 1920-1950 1950-1980 1980-2010
Length (In Years) 90 30 30 30
Number Of Events 90 30 30 30
Kendall's tau 0.27 0.33 0.19 0.18
RAINFALL DEPTH VARIABLE
Sampling Method AMS AMS AMS AMS
Marginal Distribution GEV GEV GEV GEV
Distribution Parameters (μ,σ,ξ)  5.39, 2.26, 0.04 6.04, 2.54, 0.12  5.09,  2.16, -0.02 5.57,  2.13, -0.44
Kolmogorov smirnov Test(p>0.05) 0.9071 0.9909 0.8721 0.4083
RAINFALL DURATION VARIABLE
Sampling Method Corresponding value Corresponding value Corresponding value Corresponding value
Marginal Distribution GAMMA GAMMA GEV GEV
Distribution Parameters (μ,σ,ξ) shape= 2.66,rate= 0.54 shape= 2.68,rate= 0.48 2.81, 1.95, 0.31 3.54, 1.72, 0.06
Kolmogorov smirnov Test(>0.05) 0.1094 0.4000 0.4600 0.5469
Copula Model Survival Gumbel (par = 1.37, tau = 0.27) Clayton (para=1.18,tau=0.37) Joe (para=1.43,tau=0.19) Survival Joe (par = 1.62, tau = 0.26)
Von Mises (bootstrap)  (p>0.05) 0.1425 0.1000 0.2000 0.0600
T=100yrs UNIVARIATE AND OR
1920-2010 16.72 16.68 20.11
1920-1950 21.66 11.03 24.51
1951-1980 14.70 14.50 15.87
1981-2010 9.75 9.49 9.98
T=500yrs UNIVARIATE AND OR
1920-2010 21.15 20.88 23.13
1920-1950 29.50 11.55 33.36
1951-1980 17.90 17.80 19.25
1981-2010 10.07 9.91 10.07
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test, (Mann, 1945), these changes, if proven statistically significant, could indicate the existence 




In the present study, a bivariate flood and extreme rainfall frequency analysis was performed 
using an extensive selection of bivariate copulas, as well as different statistical and graphical 
tests. Different approaches were followed in order to collect the data samples; first, in the flood 
frequency analysis the Annual Maxima Series and the Peaks of Threshold methods were used, 
and secondly, in rainfall analysis, the three datasets were computed as whole and then 
separated in three equal sized parts. As a next step, the corresponding univariate and bivariate 
return periods were evaluated and compared.  
The correlation analysis in all data samples confirmed that a significant dependence existed 
between the different hydrological variables. Even in cases where the dependence was low the 
correlation between Q-V and P-D features was still important. These, along with the demands of 
the common problems at hand, indicate the need for dependent distributions to be constructed, 
especially when dealing with design values.  
In total, the return periods obtained were in consensus with Salvadori et al. (2007) who 
showed that the relationship between univariate and primary (bivariate) return periods can be 
written as TOR < TUNI < TAND.  
The results of the flood frequency analysis indicated that, even though the correlation 
patterns change when choosing different sampling methods, the return period estimates do not 
have significant differences. On the other hand, important differences were observed in rainfall 
frequency analysis when smaller data samples were used. In total, the analysis showed that the 
subseries of the main datasets were unreliable in terms of return period estimation. As a result, 
more studies should be performed in order to investigate the effect of data size in hydrological 
copula analysis and more specifically, in the return period estimation. 
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ANNEX I – ACRONYMS 
AIC                 Akaike Information Criterion  
AMS               Annual Maxima Series 
DEM               Digital Elevation Map 
GEV               Generalized Extreme Values 
GOF               Goodness of Fit 
GPD               Generalized Pareto Distribution 
POT               Peaks Of Threshold 
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ANNEX II  
Figures and Tables - Flood Analysis 
 
Figure IΙ 1.  Probability plots, Q-Q plots and Return Level Plots for Peak Discharge variable for Yermasoyia 
Station for i. GEV and ii. Gumbel distributions (Peak Discharge sampled by AMS method) iii. For GPD distribution 
(Peak Discharge sampled by POT method), iv. threshold selection for POT method by Mean Residual Life Plot and 
the Threshold Range Plot for Parameters & Probability plots, Q-Q plots and empirical and theoritical distribution for 
flood volumes v. for the first sample and vi. the second. 
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Figure IΙ 2. Chi-Plots and K-plots for the selected peak discharges for AMS and POT method paired with their 
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Figure II 3.  Graphical Tests, copula fitting for AMS method, Yermasoyia Station. 
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Figure II 5.  Graphical Tests, copula fitting, Station Limasol. 
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Figure II 6.  Graphical Tests, copula fitting, Station Nicosia. 
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Figure II 7.  Graphical Tests, copula fitting, Station Larnaka. 
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Figure II 8. 3D representation of the density and cummulative function of the generated bivariate distribution, and the 
corresponding contours, Station Limasol. 
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Figure II 9.  3D representation of the density and cummulative function of the generated bivariate distribution, and the 
corresponding contours, Station Larnaka. 
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Figure II 10. 3D representation of the density and cummulative function of the generated bivariate distribution, and 
the corresponding contours, Station Nicosia. 
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